Abstract-This study proposes a method to simulate the images of the future European geostationary sensor dedicated to ocean color sensor: the geostationary ocean color advanced permanent imager (GeoOCAPI), and it demonstrates the sensor capabilities to monitor the water composition throughout the day. The temporal variation of the coastal seascape is obtained from biogeochemical and hydrosedimentary models, the ocean-atmosphere radiance is obtained from the water and atmosphere radiative transfer model. The GeoOCAPI images are simulated with 400-m resolution, 18 spectral bands with associated signal-to-noise ratio (SNR) and with 1-h acquisition frequency, on the Gulf of Lion (Marseille, France) during a pollution event caused by the urban outfall of Cortiou in Marseille. These images describe the water color dynamic in the Gulf of Lion due to the river transport and the urban outfall. The validation with real medium resolution imaging spectrometer (MERIS) images showed that the image simulator was reliable with an average relative error (RE) at 4.76% for visible bands and at 16.51% for near infrared bands. The quasi-analytical algorithm (QAA) inversion method was tested. The suspended particulate matter (SPM) and the colored dissolved organic matter (CDOM) can be retrieved with good accuracy; the error is, respectively, 7.69% and 12.21%. The chlorophyll concentration (chl) is misestimated (58.10%) due to the low concentration in this area (<1 mg · m −3 ) compared to SPM (>1g · m −3 ). The study showed that the future geostationary sensor GeoOCAPI will be able to monitor the water composition in coastal areas through the day and detect and monitor an urban outfall discharge.
I. INTRODUCTION
I N COASTAL waters, many challenging issues such as the sediment transport dynamics, the land/ocean interaction, the water quality degradation, or the harmful algal blooms, are often unpredictable, with a high temporal dynamics. Such phenomena then require a high-frequency image acquisition with a high sensitivity to water color and a moderate spatial resolution [1] .
The sun-synchronous low earth orbit (LEO) missions such as SeaWiFS, MODIS, and MERIS are currently used for the water quality survey but their temporal resolution (at most 1 image/day) is often limited for such coastal applications [1] . The geostationary earth orbit (GEO) solution can provide a high revisit frequency. Neukermans et al. proved the feasibility of mapping the diurnal total suspended matter (TSM) cycle in turbid waters using a meteorological sensor like SEVIRI on Meteosat second generation [2] and extended the use of SEVIRI sensor to the turbidity and light attenuation mapping [3] . The first and still unique geostationary ocean color sensor, the geostationary ocean color imager (GOCI) [4] was launched in 2010 by the South Korean spatial agency and operated by the Korean ocean satellite center (KOSC). GOCI provides eight channels from 412 to 865 nm with an hourly temporal resolution during daytime (8 images per day) and a medium spatial resolution (500 m). GOCI covers a local area of 2500 × 2500 km centered on the Korean peninsula (130
• E, 36
• N). The recent studies [5] - [9] showed that the GOCI's ocean color data can be used for the monitoring of diurnal change of the optical properties, suspended matter, turbidity, and harmful algal bloom, even in this cloudy region, because one image/hour allows to make composite images to be made without clouds.
In Europe, there is also an ongoing project to launch a water color sensor on a geostationary orbit. Geostationary ocean color advanced permanent imager (GeoOCAPI) is a geostationary project dedicated to ocean color, conducted by the French Spatial Agency (CNES) and planned to be launched around 2020. This mission is designed to provide hourly observations with moderate spatial resolution (250 m at the equator) over the Atlantic Ocean, the Mediterranean Sea, and the European and African coastal zones (full disk) from a geosynchronous orbits at longitude 10
• W [10] , with 18 bands in the 395-1020 nm range (Table I ). The signal-to-noise ratio (SNR) is high (around 400) to be sensitive enough to detect very weak surface reflectance variations . TABLE I  OCAPI BAND SET, INCLUDING RADIOMETRIC INFORMATION AND BAND USE L min , minimum radiance values that should be measured over the ocean; L ref , typical ocean radiances; Lmax, maximum radiances that correspond to nonocean bright targets (clouds); and Lmax,ocean, the maximum radiance that should be measured above the ocean.
Compared to the medium resolution imaging spectrometer (MERIS) with 300-m resolution 15 spectral bands and a temporal revisit of 3 days, the spatial and spectral resolutions will be similar but the main change will be to the temporal revisit (1 image/hour). Compared to MODIS, the spatial and temporal resolution will be improved with GeoOCAPI. Compared to GOCI, the African/European face will be imaged with a much better coverage because the full disk will be covered.
In this study, our goal is to simulate images of the future geostationary sensor GeoOCAPI to evaluate the potential of GEO sensors compared with a LEO sensor for the monitoring of water quality. The site of the Gulf of Lion (France) was chosen for the diversity of problems caused by the Rhone River mouth and the urban outfall of Cortiou.
Different approaches for image simulation were possible. The first one is based on the spatial and the spectral degradation of high spatial and spectral resolution image, according to the features of the instrument (with MERIS [11] and Thematic Mapper [12] ). This approach cannot lead to the simulation of a geosynchronous image because the spatial coverage would be too low and the viewing and solar angles are not representative of the geosynchronous configuration. A second approach is the forward model, which consists of modeling the surface reflectance and the radiance at the top of the atmosphere (TOA), as a function of ground biophysical and geometrical parameters [13] - [15] . The first advantage of this approach is that the models take into account the viewing and solar angles, which are important for non-Lambertian surface like the ocean. The second advantage is the availability of ground truth (concentration maps) to validate algorithms of water composition estimation for example. Once the image is simulated, generic algorithms for chlorophyll (chl) or suspended particulate matter (SPM) concentration estimation can be applied, and preliminary validation is possible thanks to the input maps. Therefore, this latter approach was chosen in this study to simulate geostationary images.
In a previous study, a geosynchronous ocean color image simulator was developed to analyze the influence of the illumination and viewing geometries variability on the radiometry Fig. 1 . Geographic location of the study site (Gulf of Lion) as will be viewed by the GeoOCAPI sensor. [16] . The simulator combines the water radiative transfer model Hydrolight and the atmosphere radiative transfer model MODTRAN to simulate the light transfer process downward from the sun to the water and upward from the water to the sensor. The bio-optical data from GlobColour level 3 were used as input maps to simulate the hourly global area coverage images during a day. The simulator was effective for directional radiance image simulation and for angular effect analysis, but it could not simulate images on coastal area with diurnal dynamics because the water composition data were provided by the ocean color products which do not provide the high temporal resolution.
In this study our objectives are: 1) to extend the simulator to the coastal dynamics simulation, such as river sediment transport and urban outfall discharge; 2) to improve the accuracy of the radiometric image simulation; and 3) to evaluate the potential of the GeoOCAPI mission for monitoring of the water quality change in coastal area.
In this paper, we first introduce the methodology used to simulate geostationary images in coastal waters (Section II). We detail the models used to characterize the water composition evolution during the day and the models used to simulate the spectral radiance at the sea surface, at the TOA and the radiance measured by the sensors according to its spectral and SNR features. Then, we present the results of image simulation and the validation results (Section III), and finally, we discuss the potential of the future geostationary GeoOCAPI sensor compared to a LEO sensor like MERIS for monitoring the change of water quality in the Gulf of Lion (Section IV) and we conclude (Section V).
II. METHODOLOGY
In this section, we present our methodology to simulate geostationary images. The choice of the study area was determined by the place where seascape models were available. We describe these models and define a period of simulation. Then, we explain how the sea surface reflectance image can be simulated with the water radiative transfer model, and we describe the atmospheric model to obtain TOA radiance. Finally, the sensor model is presented to take into account the sensor features and to provide the simulated images. An inversion method [quasi-analytical algorithm (QAA)] is proposed to estimate the water components from the simulated images.
A. Study Area
In this study, we focus on two different continental sources: the Rhone River region of fresh water influence (ROFI) and an urban outfall. The spatial scales of these two sources are different: the Rhone plume covers between 10 and 100 km 2 while the Cortiou outfall plume covers less than 10 km 2 . These two sources are very sensitive to meteorological conditions (rainfall and wind) and hydrological conditions (hydrology). Fig. 1 shows the geographic location of the Gulf of Lion on geostationary projection map as will be viewed by the GeoOCAPI sensor. The nadir spatial resolution of GeoOCAPI is 250 m, but because the pixel size increases with the sensor zenithal angle; the pixel size in this area will be around 400 m.
B. Temporal Seascape Modeling and Period of Simulation
The temporal variability of the water composition (here chl and SPM) is obtained by models. The hydrodynamic ocean model MARS3D (3-D hydrodynamic model for application at regional scale, IFREMER) [17] was used in its Rhône-Marseille (RHOMA) configuration, forced by the atmospheric model MM5 (5th generation PSU/NCAR mesoscale model, providing pressure, humidity, and W spd data). It was used to model the advection of particles and the advection and diffusion of biogeochemical tracers from the input sources (Rhone River, Marseille city urban inputs, atmosphere, etc.) to the open sea. The input data of this model are: the water river contribution, the liquid input from the waste water treatment plant contributions, and meteorological parameters (pressure, wind speed and direction, air temperature, rainfall, heat fluxes). Hydrodynamic initial and open boundary conditions at the south and west borders were issued from the MENOR model [18] . The model was validated for year 2007 and 2008 [19] . MARS3D (RHOMA) was coupled with a numerical hydrosedimentary model (hereafter called MS model) described in [20] to model the sediment dynamics in the Gulf of Lion, taking into account the liquid and solid outflow from the Rhone River, the coastal rivers, and the Cortiou outfall. The input data of this model are, in addition to the hydrodynamic model: the solid input from rivers and waste water treatment plant and the wave shear stress from the WW3 model orbital velocity [20] used to compute the erosion and deposit of particles at the sea bed. All details about the model processes, input, and output can be found in the literature [19] - [21] .
This model provides hourly nonorganic suspended particle matter (SP M norg ) maps at each model grid cell, with 400-m spatial resolution and 30 vertical levels [three-dimensional
MARS3D (RHOMA) was also coupled with the ecological modular mechanistic model (ECO3M model) [22] , [23] , in its MASSILIA (Bay of Marseille) configuration, hereafter called ME model, designed to model the biogeochemical carbon, nitrogen, and phosphorus cycles of aquatic ecosystems and validated for years 2007 and 2008 [21] , [24] .
The input data of this model are, in addition to those for hydrodynamics: the rivers and waste water treatment plant biogeochemical contributions (nutrients), the nutrient input from the atmosphere, and biogeochemical conditions from the GoL model [24] focused on the Gulf of Lion.
This model provides hourly chl and particulate organic carbon (POC) maps with 400-m spatial resolution and 30 vertical levels (3-D models). The water column is divided into 30 levels. Intervals then depend on the water depth. But even for a given depth, the intervals are not constant along the water column, the vertical intervals are refined close to the surface and to the bottom. For a better description of the bottom and numerical advantages such as a constant number of levels, Phillips introduced normalized depth [25] . This vertical coordinate system, known as terrain-following coordinates, is used by numerous models for both ocean and shelf modeling.
In order to choose an interesting period to study the SPM discharge, we visualized the MERIS images showing a SPM discharge at the Cortiou outfall. This period was fixed between May 13 and May 23, 2008 . Then, the ME and MS models were computed, and we cheeked that the plume showed up on the two maps (MERIS and model). On these maps, the SPM concentration is higher with the model (around 3 g · m −3 ) than with the MERIS SPM map, but the objective is not to validate the model with the MERIS product. Area close to the coastal areas is particularly complex. The model is a simplification of the reality, and some assumptions are made. For example, the waste water treatment plant provides only the output flow every 6 min, but hypotheses are formed in the model on the SPM concentration and on the particle size which are not provided by the treatment plant. For example, the SPM concentrations at the Cortiou outfall are supposed to be constant equal to 40 g · m −3 , and the particle size is assumed to be 50% heavy and 50% light. Heavy particle sinks faster than the light ones. So, these assumptions may not correspond to the reality and they can explain the differences between simulated images and real images. Nevertheless, we compared in different locations the SPM concentrations provided by the MERIS product with those provided by the model. On the Rhone plume, the concentrations are similar, fluctuating between 4 and 10 g · m −3 for the two maps. In the clear waters, far from the plume, the concentrations are around 1.2 g · m vertical profile of the water composition on the water surface reflectance can be described by a decreasing exponential function depending on depth [26] , [27] . The slope of this exponential function depends on the light attenuation coefficient K d . The influence of the vertical profile decreases with the turbidity at surface level. Zaneveld et al. [27] proposed a function g(z) defined by parts calculated from the down-welling irradiance at a given depth. As Hydrolight provides this information, we can calculate the g(z) function coefficients. For these simulation, we used the inherent optical properties (IOPs) corresponding to the Mediterranean sea, and we carried out several simulations by varying the components concentration from low to high. Finally, we provide g(z) for water in low, medium, and high concentrations. We determined three weighting depth average functions [27] depending on the surface water composition, shown in (1) at the bottom of the page.
The concentration at the sea surface level (C surf ) is obtained from (2)
where C(z) is the concentration of chl, POC, or SP M norg , and g(z) the depth average function (1), show at the bottom of the page. Because the next step requires SPM maps, we needed to obtain suspended organic matter (SP M org ) maps that can be deduced from POC map [28] 
The SP M norg is directly obtained from the MS model, and the SPM is then obtained by the sum of organic and nonorganic suspended matter
Because any available model provides the colored dissolved organic matter (CDOM) 3-D maps, we tried to deduce this information from another source. Babin et al. [29] studied the relation between CDOM versus SPM and chl, in case 2 water, with in situ measurements. They showed that a y (443) covaries with SPM and chl. In their article, in Mediterranean sea, the ratio a y (443)/SP M ≈ 0.066 and the ratio a y (443)/chl ≈ 0.1. With MERIS images acquired in May 2008 in the Gulf of Lion (our study), we also noticed a covariation: a y (442)/SP M = 0.0633 (with R 2 = 0.96) and a y (442)/chl = 0.092 (with R 2 = 0.87). We noticed that the relations were similar from one study to the other. We chose to keep the ratio given by MERIS because MERIS image was acquired on the study area and during the simulation period. We chose also the relation between a y (442) and SPM because R 2 is higher with SPM than with chl. This empirical function is then used to calculate the CDOM maps from the SPM maps. Fig. 3 shows the chl and SPM concentration maps provided by the coupled models at the sea surface on May 18, 2008 at 10:00.
In Fig. 3 , we notice a high chlorophyll concentration in the Gulf of Fos (North) and along the coast. On the SPM map, the highest concentration is located at the Rhone River mouth and along the coast of Marseille. The Cortiou outfall discharge is once more visible on this map.
C. IOPs Calculation and Water Reflectance Image Simulation
The total absorption coefficient a, total scattering coefficient b, and the backscattering coefficient b b depend on the contributions of the different water components
where a w is the pure seawater absorption coefficient, given from [30] - [32] , a φ is the phytoplankton absorption coefficient, a y is the absorption coefficient of CDOM, a nap is the nonalgal particle absorption coefficient, b w is the pure seawater scattering coefficient, given from [33] , b p is the water particle scattering coefficient, and b fp is the water particle backscattering fraction, given as 0.0183 [34] , [35] .
The phytoplankton absorption coefficient a φ is calculated as a function of chl and the chl-specific absorption coefficient a * φ [36] , [37] 
a * φ is provided by Bricaud et al. [37] . This result is based on 815 samples measured in several oceanic areas of the world, including 67 samples measured in the Mediterranean (Mediprod 6 campaign in 1990). The measuring area is located in the rectangle defined by longitude between 0
• E and 6
• E and latitude between 36
• N and 40
• N (Southern Golf of Lion). The chl range of measurement is (0.06 − 7.5 mg · m −3 ); it covers therefore the most simulated chl concentrations.
The nonalgal particle absorption coefficient a nap is related to SPM [29] 
The calculation of a nap is provided by Babin et al. [29] based on six measurement campaign "coastal surveillance through observation of ocean color." Among the 387 measurement stations, 63 are located in the Golf of Lion, including the Rhône river mouth (campaigns 2 and 4). a nap from (9) is then derived from two constant values. The first a nap (442 nm) = 0.036 [SPM] is given by Babin et al. for the Mediterranean [29] . The second is the a nap spectral slope = 0.0123 m −1 . The CDOM absorption coefficient a y is calculated by the following equation [29] :
where a y (λ 0 ) is the CDOM absorption coefficient at 442 nm. The particle scattering coefficient b p is described as a power function, and the specific factor for Mediterranean water is given by [28] 
As described by Lei et al. [16] , the numerical radiative transfer models cannot be used for each pixel simulation because the simulation of the whole image would be too time consuming. The Hydrolight version 5 [38] was used in this study to build the look-up table (LUT) of the direct surface reflectance (R ref l ) and the remote-sensing reflectance (R rs ), related to the IOPs (especially nonwater absorption coefficient a nw = a − a w , and particle scattering coefficient b p ), the geometric angles (sun zenith angle ϑ s , sensor zenith angle ϑ c , and relative azimuth angle Δφ) and the wind speed (W spd ). The hydrolight simulation was performed in "IOP data" mode to determine the relationship between R rs and the IOPs. 
D. TOA Radiance Image Simulation
The TOA radiance was calculated according to the fourstream radiative transfer theory [14] . It results from three contributions: the atmospheric reflection, the direct target reflection, and the surface environmental reflection
where E s is the extraterrestrial solar irradiance, μ s the cosine of sun zenith angle, ρ atm the atmosphere intrinsic reflectance (molecular + aerosol), S the atmosphere spherical reflectance, T s the total down-welling transmittance from the sun to the target, T dir the direct upwelling transmittance, T dif the diffuse upwelling transmittance, ρ the target surface reflectance, and ρ e the environmental surface reflectance. In (12) , the surface reflectance ρ is considered as πR rs . For each pixel, ρ value is calculated from a multi-interpolation of R rs LUT. The environmental surface reflectance ρ e is [39] or from the MODTRAN model [40] , and we chose the last for this study. The maritime aerosol profile proposed by MODTRAN was chosen because the visibility and relative humidity of this model are the closest to the local atmospheric conditions.
The meteorological parameters (temperature, pressure, humidity, and aerosol) inputs of atmospheric model were given by the meteorological model (MM5). The LUTs and their dependency on input parameters are presented in Table II .
E. Sensor Simulation
Concerning the spectral bands, we integrated the simulated reflectance over GeoOCAPI spectral bands considered as square response (Table I) .
The GeoOCAPI spatial resolution will be 250 m at the equator, but for geometric reasons, at latitude 43
• and longitude 3 • , resolution becomes 380 × 410 m, in the Gulf of Lion latitude. Because the spatial horizontal resolution of the model output maps is 400 m, the resolution of the simulation is consistent.
The three main sources of noise for the sensor are divided into three main categories: the photonic noise, the read noise, and quantization noise. The two last noises can be neglected thanks to the high quality of the electronic components and to the high quantization resolution of GeoOCAPI (12 bits). The photonic noise is the most important, proportional to the number of photons captured. The flux of photons received is subject to a Poisson process, and therefore, the noise is proportional to the signal square root. This noise is considered to be Gaussian, with a standard deviation
The SNR represents the importance of all the noises relative to the signal. This ratio depends on the amplitude of the signal and can also vary with the wavelength. The total noise can be considered as a white Gaussian noise with a standard deviation σ b (13)
L ref and SNR are given in Table I , depending on the spectral bands. This noise is added on the TOA radiance images
where N (0, σ variance. The added value is different for all the pixels of the image.
F. Water Composition Estimation
In order to monitor the water composition during the day, we applied to the simulated image, the inversion algorithm based on the QAA [41] , [42] . By the means of the minimization between the simulated spectrum and a reflectance model, we can estimate the water composition (chl, SPM, and CDOM) to evaluate the influence of the noise on the water composition estimation and to show the geostationary capability to monitor the water composition during the day.
The QAA model considers that the remote-sensing reflectance can be contributed by the deep water, the water column, and the bottom reflectance. In our study case, the water depth was considered as infinite, so we just use the deep water contribution to model the remote-sensing reflectance R rs R rs = 0.518r dp rs 1 − 1.562r dp rs (15) r dp rs = (0.084 + 0.0794u) u (16) where r dp rs is the remote-sensing reflectance for optically deep water, a is the total absorption, and b b is the total backscattering coefficient.
We validated (15) obtained from modified QAA model with in situ measurement from Optic-Med project [43] . Optic-Med data contains IOP (a and b b ) and R rs for 9 wavelengths, in 29 stations. Fig. 4 shows that the QAA model is highly correlated with in situ measurements measured in the same area as out study site (R 2 = 0.74).
G. Methodological Flowchart
The image simulation process uses several numerical models, such as atmospheric, hydrodynamic, biogeochemical, hydrosedimentary, water radiative transfer, atmosphere radiative transfer, and sensor models. Fig. 5 describes the simulator from the input parameters configuration to the simulated TOA radiance image as final output result. The first step of the simulation process is the seascape modeling. Once the study area and the period of measurement are determined, the coupled hydrodynamic-biogeochemical model (MAR3D-ECO3M, ME) and the coupled MARS3D-hydrosedimentary model (MS) are used to simulate the dynamics of chlorophyll concentration (chl), particle of carbon (POC), and SP M norg . These maps are then converted into IOPs maps used as input of water radiative transfer model to provide sea surface reflectance image, considering the wind speed (W spd ) and the geometrical maps (ϑ s , ϑ c , and Δφ). The atmospheric radiative transfer model simulates the absorption and the backscattering due to the atmosphere with the profile adapted to the local environment. At the end, the simulator provides the TOA radiance L T OA images containing the water and atmosphere information that would be provided by the sensor.
All models used are given in Table III . All the intermediate data such as IOPs, water reflectance, atmospheric optical thickness, and atmospheric reflectance/transmittance are available so that the simulated images can be validated at the different levels: water surface or TOA levels. 
III. RESULTS

A. Validation With MERIS
To validate the image simulation, we first compared a simulated MERIS image to a real one. The MERIS image simulation is obtained by using MERIS level-2 products like chl, SPM, and CDOM concentration maps as inputs of the simulator. The geometric angles and the wind speed maps provided by MERIS level 2 were also used. The simulated MERIS image can be compared with the acquired Level-1 MERIS image to validate the performance of the simulator. We then simulated the MERIS TOA radiance (L T OA ) image on the Gulf of Lion on May 18, 2008. The atmospheric parameters for this simulation are those described in Section II-D. Fig. 6(a) presents the TOA radiance (band 5, 560 nm) of the real MERIS image that can be compared with the simulated TOA radiance for the same band. Visually, we can note similar plume on the Rhone River estuary in both simulated and acquired images, which demonstrates the consistency of the IOPs model and radiative transfer models. The simulated image is more homogeneous than the acquired image because of the assumption of the homogeneous atmospheric profile, but the method provides consistent visual results. In Fig. 6(c) , we can compare the TOA spectral radiance for two areas (one in the plume and one far from the coast). The difference between the simulated and real spectra is tiny. The radiance of the two areas is also similar. The two spectra differ only between 500 and 600 nm. Once corrected from the atmospheric effect, we can also compare the remote-sensing reflectance for the same two areas. The spectra from the two areas are now very different, but the difference between the simulated and the real reflectance is very low.
Regarding quantitative aspects, root-mean-squared error (RMSE), the relative error (RE), the coefficient of determination R 2 , and the mean absolute percentage error (MAPE) are considered. Their definitions are given in Table IV .
The RMSE and the RE are given in Table V for 15 MERIS spectral bands. We found an average RE at 4.76% for visible bands and at 16.51% for near infrared bands. The spectral correlation R 2 was also calculated at different levels: TOA level (L T OA images) and sea surface level (R rs images). Between simulated and real L T OA images, the average R 2 reaches 0.998, and between simulated and real R rs images, the average R 2 reaches 0.972.
B. Simulated GeoOCAPI Images
The ocean color images of the future GeoOCAPI sensor were simulated on the Gulf of Lion during the period between May 13 and May 23, 2008 . An example of these simulated images is presented in Fig. 7(b) . The real L T OA MERIS color composite image acquired at 10:00 on May 18, 2008 is presented in Fig. 7(a) .
In Fig. 7(a) and (b), we can notice the yellow plume of the Rhone River and the Cortiou outfall because of the high concentration of suspended matter in this area. Fig. 7 (c) plots the spectral radiance value given by MERIS in front of the Cortiou outfall (43.33 • N, 4.87 • E). Fig. 7 (d) presents the simulated L T OA spectra of a pixel between 5:00 and 18:00 on the same location given by the GeoOCAPI image during the day. We can note the strong variability of the TOA radiance spectrum during the day. The variation of the L T OA here is in fact principally due to the solar angle variability between 24
• and 83
• . We find the weakest signal at 5:00 and 18:00, when the solar zenithal angle is higher than 80
• . The sensor zenithal angle ϑ c is also different: 13
• for MERIS and 52
• for GeoOCAPI. The contribution of the atmosphere-reflected radiance increases with ϑ c especially at short wavelengths. This is the principal reason of the difference between the two spectra (at 10:00). For example, the difference of the atmospherereflected radiance between ϑ c = 52
• and ϑ c = 13
, at 412 nm with ϑ s = 25
• , and this value decreases when the wavelength increases. To compare similar reflectance with the two sensors, the two images need to be corrected from the atmospheric effect. Fig. 8 presents the color composite of simulated GeoOCAPI TOA images on the Cortiou outfall during the May 18, 2008 from 6:00 to 17:00. The MERIS image acquired on the same date at 10:00 is also presented. Its next revisit is May 21, 2008 . We can notice that the MERIS sensor has a sufficient spatial resolution to detect the small plume due to outfall discharge but the evolution of the outfall discharge can only be tracked with the GEO images. In Fig. 8 , we can see that the urban outfall plume is diffused and pointing south in the morning while the outfall plume becomes thinner and is pointing East in the afternoon. These images show the potential of a geostationary mission with hourly observation and 250 m nadir spatial resolution for the monitoring of the water quality variability due to an urban outfall discharge.
C. Water Composition Estimation Results
The inversion method with QAA model was applied to the simulated images perfectly corrected from the atmospheric effect. This is possible because we simulated the atmospheric effect (all the atmospheric parameters are known) and we can then remove it perfectly. We can then compare only the sensor features influence on the estimation without the error due to the atmospheric correction. The retrieved water composition maps (chl, SPM, and CDOM) are presented in Fig. 9 (right) and can be compared to input maps (left).
Statistically, the MAPE is low for SPM (7.69%) and CDOM (12.21%) but high for chl estimation (58.70%). The QAA model was initially used to retrieve the water depth and IOPs [42] , [44] with good performance. On this site, the IOPs are dominated by suspended matter (>1g · m −3 ), and the absorption and scattering spectra are not sensitive to the presence of chlorophyll (<1mg · m −3 ). This phenomenon is often met in coastal areas where the chlorophyll effect on the water color is hidden by the strong backscattering of suspended matter [45] .
The error can also be analyzed according to the geographic location. Fig. 10 presents the temporal profile of chl, SPM, and CDOM in front of the Cortiou outfall (5.39
• W, 43.20 • N) during the period from May 13 to May 23, 2008 . Black crosses correspond to ME and MS input models, and gray squares correspond to estimations obtained from simulated GeoOCAPI images.
The MAPE in this area is 47.68% for chl estimation, 16.45% for SPM estimation and 8.72% for CDOM estimation. If we choose an offshore area (5.10
• W, 43.12 • N), far from the river and urban outfall plumes, the MAPE decreases especially for SPM values (5.25%) but not for chl estimation (53.07%) and CDOM estimation (17.41%). With MERIS images, only two images would have been available during this period.
IV. DISCUSSION
For high dynamic coastal waters, an ocean color image simulator was developed to evaluate the potential of the GEO mission for the monitoring of the change water quality due to a river flow and an urban outfall. The originality of the method is the coupling of the hydrodynamics, biogeochemical, and radiative transfer derived from different digital models, which provides realistic images and validation data.
The comparison between the simulated MERIS image and the real image has shown a very close similarity. The RMSE is for all bands under 2.68 W · m −2 · sr −1 · µm −1 which is very weak for water color reflectance (Table V) . Even if the RMSE decreases with the wavelength, the RE increases because the reflectance decreases also with the wavelength. For the first nine bands (the most important for the water composition estimation), the RE is under 10%. This validation is important because it proves that we can trust the image simulation. The water dynamic reflectance provided by the simulator is spatially and temporally representative of the reality. The simulator can also be used to test new algorithms adapted to geosynchronous sensors. In this study, we tested the inversion method with QAA model to estimate the water composition. The QAA model can describe correctly the relationship between remote-sensing reflectance and IOPs, consistent with in situ data and simulation, and the inversion method works well for SPM and CDOM estimation. We showed that the estimation of SPM and CDOM was reliable in the river plume and outside where the water is less turbid. However, the estimation showed that chl was not accurately estimated neither in the river plume area nor off shore because wherever the sediment contribution is too high, SPM is higher than 1 g · m −3 , even in the offshore area. R rs spectrum is not sensitive to chl concentration which is in all areas lower than 1 mg · m −3 . With our simulations, we can also compare the chl estimation with (SNR given in Table I ) and without the sensor noise. The error on chl estimation decreases from 53.07% (with the noise) to 24.30% (without the noise) in off shore area, and from 47.86% (without the noise) to 33.02% in front of the urban outfall. Because the estimations are more accurate without noise than with, it proves that the chlorophyll contribution in this area (the outfall plume) has little influence on the signal. This is particularly true when the SPM concentration is high. Because the standard deviation increases with the square root of the signal, when the signal increases (due to the high SPM concentration), the noise increases with it and the chlorophyll influences on the signal is lost in the noise.
The problem of SNR ratio is often addressed in ocean color sciences. In Open Ocean, the water reflectance is often weak, the signal measured by the sensor is composed by around 90% by the atmosphere signal and around 10% by the water reflectance due to the only component (chlorophyll). The chlorophyll concentration can be at best estimated with an accuracy of around 30%. In coastal areas, the signal due to the water reflectance is higher than in open waters, but this is often due to the presence of SPM. In that case, the SPM concentration can be accurately estimated which is no longer the case for the chlorophyll concentration. Our study shows here that how the SNR level is important even in coastal water.
Concerning the Rhone River estuary and its high plume dynamics during the day, we showed the advantage of having 12 GeoOCAPI images per day, compared to only two with MERIS. The simulation of the GeoOCAPI shows that hourly images allow the more effective monitoring of the dynamics of the water quality in front of the Cortiou urban sewage outfall compared to MERIS. The high temporal resolution can also be used to early detect the pollution at the event beginning. The geostationary image can also be useful to monitor the pollution scattering especially concerning the direction of this pollution.
V. CONCLUSION
In this paper, we presented a method to simulate geostationary images dedicated to water color monitoring. The originality of the method is based on the coupling of several models to simulate realistic geostationary images: biogeochemical and hydrosedimentary models, the water radiative transfer model hydrolight, and atmosphere radiative transfer model MODTRAN. The sensor features are also taken into account with its spatial, spectral, and temporal resolutions and SNR depending on the spectral bands. Real MERIS images were used to validate the simulator with an average RE at 4.76% for visible bands and at 16.51% for near infrared bands. The GeoOCAPI-simulated images were used to estimate the water composition with the QAA algorithm. The SPM and the CDOM were retrieved with considerable accuracy; the error is, respectively, 7.69% and 12.21%. The chl is misestimated (58.10%) due to the low concentration in this area (< 1 mg · m −3 ) compared with SPM (> 1 g · m −3 ). We then showed the performances of GeoOCAPI images to estimate water composition and the advantages to dispose of geostationary images to detect and monitor the Rhone River estuary and the urban outfall of Cortiou in the Gulf of Lion.
